Background: Mammalian embryonic stem cells display a unique epigenetic and transcriptional state to facilitate pluripotency by maintaining lineage-specification genes in a poised state. Two epigenetic and transcription processes involved in maintaining poised state are bivalent chromatin, characterized by the simultaneous presence of activating and repressive histone methylation marks, and RNA polymerase II (RNAPII) promoter proximal pausing. However, the dynamics of histone modifications and RNAPII at promoters in diverse cellular contexts remains underexplored. Results: We collected genome wide data for bivalent chromatin marks H3K4me3 and H3K27me3, and RNAPII (8WG16) occupancy together with expression profiling in eight different cell types, including ESCs, in mouse. The epigenetic and transcription profiles at promoters grouped in over thirty clusters with distinct functional identities and transcription control. Conclusion: The clustering analysis identified distinct bivalent clusters where genes in one cluster retained bivalency across cell types while in the other were mostly cell type specific, but neither showed a high RNAPII pausing. We noted that RNAPII pausing is more associated with active genes than bivalent genes in a cell type, and was globally reduced in differentiated cell types compared to multipotent.
Background
Mammalian embryonic stem cells (ESCs) can differentiate to cell types with distinct functionalities in response to external and internal cues through epigenetic and transcription control [1, 2] . Genome-wide profiling of epigenetic features, chromatin accessibility, transcription factor (TF) DNA binding and gene expression across hundreds of cell types and tissues formed the building blocks for systematic studies of the regulatory control during development and differentiation [3] [4] [5] [6] , where specific combinations of histone marks reflect the expression status [7] . Multivariate statistical models [8] [9] [10] have proven highly effective in analysing combinatorial patterns of multiple epigenetic datasets in individual [11] or multiple cell types [12] and tissues [13] to identify distinct chromatin states. One particularly interesting chromatin state is the poised or bivalent state [14, 15] exhibiting both activating (H3K4me3) and silencing (H3K27me3) histone marks. This chromatin state was enriched at the promoters of many developmental genes in ESCs and to a lesser extent in differentiated cell types [15] [16] [17] [18] [19] [20] . Bivalent promoters in ESCs are thought to maintain genes in a poised state safeguarding them from terminal silencing and retaining their plasticity to activate or silence during differentiation [21, 22] .
Another mechanism associated with maintaining an intermediate transcription status is promoter-proximal accumulation of transcriptionally engaged but paused RNA polymerase II (RNAPII) [23, 24] . The RNAPII promoter proximal pausing was initially thought to be a property of developmental genes [9, [25] [26] [27] . Paused RNAPII and bivalent genes indeed showed a high overlap [28] , though bivalent promoters show divergent RNAPII pausing signatures [23] . In order to systematically study the interplay of bivalent chromatin and RNAPII pausing associated with gene expression across cell types, we integrated histone modification data (H3K4me3, H3K27me3), RNAPII (8WG16) binding and expression profiling at the promoter regions of genes in eight different cell types, including ESCs, in mouse.
Results
Hierarchical clustering H3K27me3, H3K4me3, RNAPII and gene expression data in eight cell types
To study the interplay between epigenetic and transcription control across cell types, we collected ChIP-sequencing data for two chromatin modifications (activatingH3K4me3 and silencing -H3K27me3) and RNA polymerase II (8WG16) as well as expression data (RNA sequencing) from eight cell types, including ES cells, in mouse (see Methods). The gene expression quantified at 22,179 GENCODE.vM4 [29] promoters (after discarding promoters with no signal for any mark or expression in all cell types, see Methods) showed very low variation in the number of expressed promoters (FPKM> 1, Additional file 1: Figure S1 ) across cell types (11,178 ± 396) . The hierarchical clustering of cell types using expression data agreed with the known developmental relationships across the cell types ( Fig. 1a) with the three hematopoietic cell types (B cells, bonemarrow derived macrophages (BMDMs) and dendritic cells (DCS)) clustered together while two progenitor cell types (progenitor motor neurons (PMNs) and ESCs) grouped together. Mouse embryonic fibroblasts (MEFs) clustered with Myoblasts (MBs) and Myotubes (MTs). Interestingly, gene expression signal calculated only at the promoters (see Methods) using RNA-seq data did not recapitulate known developmental hierarchy ( Fig. 1b and Additional file 1: Figure S2 ).
We then determined H3K4me3, H3K27me3 and RNA polymerase II (RNAPII) signal at the promoters across eight cell types by calling peaks in each sample using SICER [30] and selecting the peaks within the 5 kb region around the Transcription Start Site (TSS) of the 22,179 genes. Though the number of H3K4me3 marked promoters across cell types (15,686 ± 804) varied more than the number of expressed genes across cell types, H3K4me3 modification was largely consistent with gene expression (Additional file 1: Table S4 ) at the promoters across 8 cell types. Accordingly, the hierarchical tree of H3K4me3 peaks at promoters across 8 cell types (Fig. 1c) was largely in agreement with the one obtained using expression data (Fig. 1a) apart from H3K4me3 profiles closely clustering MEFS with PMNs and ESCs. We confirmed this was not due to technical issues such as peaks calling bias across samples (Fig. 1d) . For example, BMDMs and B cells clustered together despite a high signal variability at common H3K4me3 peaks found across all cell types (Fig. 1e) . To study the dynamics of H3K4me3 modification between cell types, we used a maximum parsimony based approach (see Methods).
Maximum parsimony approach predicts the chromatin modification status at each intermediate node of a tree by allowing minimum number of epigenetic changes within the tree [31, 32] . We noted that over 70% of promoters retain H3K4me3 modification across cell types (Additional file 1: Figure S3 ).
The hierarchical clustering of RNAPII (8WG16) modification at the promoters was not as consistent with the expression as the H3K4me3 (Fig. 1f ) . Notably, the number of RNAPII marked promoters varied highly across cell types (13,241 ± 2197) where BMDMs had over 16,000 RNAPII occupied promoters while DCs and B cells had only about 10,000 RNAPII occupied promoters (Additional file 1: Figure S5 ). This might be one of the reasons that DCs and B cells clustered together in the RNAPII hierarchical tree (Fig. 1f ) . Importantly, MEFs clustered together with PMNs and ESCs, similar to H3K4me3 (Fig. 1c) . We tested the technical variability between samples by calculating average RNAPII peak strength in each cell type across common peaks (Fig. 1h) . The RNAPII peak strength showed low correlation with the number of RNAPII peaks (Fig. 1g) . The parsimony tree using RNAPII peaks at promoters demonstrated that RNAPII peaks were shared to a lesser extent, around 60%, than H3K4me3 between cell types (Additional file 1: Figure S4 ).
The number of H3K27me3 marked promoters varied even more across cell types (5648 ± 2405). B cells, BMDMS and MEFS had more than twice the promoters marked with H3K27me3 (~8000) as in PMNS, MBs and MTs (~3000). The hierarchical tree of H3K27me3 at promoters across cell types did not fully agree with expression data, as MEFS clustered with B cells and BMDMs, while DCs clustered with progenitor cells (Fig. 1i) . We verified that this variability is not solely due to technical reasons by calculating average number of detected peaks across all promoters (Fig. 1j ) and average H3K27me3 signal at common peaks in each cell type (Fig.  1k ). In the H3K27me3 parsimony tree, only about 16% of H3K27me3 promoters were shared across all cell types (Additional file 1: Figure S5 ).
Bivalent promoters are marked with both repressing (H3K27me3) and activating (H3K4me3) modifications [14, 15] . We sub-classified H3K27me3 promoters into bivalent and H3K27me3-only promoters based on presence or absence of H3K4me3 modification at the same promoter in the same cell type. Over 90% of H3K27me3 promoters in ESCs and PMNS were bivalent while only about 60% of H3K27me3 promoters in B cells were bivalent (Additional file 1: Table S4 ). Interestingly, about half of bivalent promoters in ES cells were shared across cell types (Additional file 1: Figure S6 ) and were enriched for pattern specification process (P value < 10 − 8
) and developmental protein (P value < 10 − 15 ). Taken together, hierarchical clustering of H3K4me3 peaks at promoters agreed the most while H3K27me3 peaks at promoters agreed the least with known developmental hierarchies among eight cell types.
Cataloguing major epigenetic and expression profiles at promoters across cell types
To investigate the major patterns of chromatin and expression at promoters across cell types, we clustered H3K4me3, H3K27me3 and RNAPII peaks as well as RNA-seq signal at 22,179 GENCODE.vM4gene promoters in 8 cell types. Promoters occupied by RNAPII can be active and paused depending upon whether the RNAPII signal is more enriched at the core promoter than in the gene body [23, 24] . To capture such functionally relevant features of chromatin modifications, we defined a wide window (±5 kb) around the TSS at each promoter in a given cell type resulting into a total of 117,438 promoter-cell types (see Methods). We clustered promoter-cell types by hierarchical clustering using the Euclidean distance as a distance measure (see Methods), resulting in 31 clusters with distinct patterns across four data types (Figs. 2a and Additional file 1: Figure S7 -37). The number of promoter-cell types in each cluster varied largely across clusters. Cluster 19 consisted over 54,000 promoter-cell types while cluster 8 consisted of only 105 promoter-cell types (Additional file 1: Table S5 ). H3K4me3 and RNAPII modifications largely overlapped with expressed promoters (Fig. 2a) . The majority of H3K27me3 marked promoters also had strong H3K4me3 modification.
Multiple clusters were classified as bivalent, i.e. marked simultaneously with H3K27me3 and H3K4me3 modifications. Transcriptionally active bivalent clusters tended to have wide H3K27me3 and were grouped according to different levels of expression at the promoter (Fig. 2b) . Lowly expressed bivalent clusters showed either wide (Clusters 10 and 3) or narrow (clusters 2 and 5) H3K27me3 pattern at the promoter. Bivalent-wideH3K27me3 cluster 10 was enriched for 'pattern specification process' (P value < 10 − 30 ) and 'Embryonic morphogenesis' (P value < 10 − 30 ) and cluster 3 was enriched for 'nervous system development' (P value < 10
). On the other hand, bivalent-narrow-H3K27me3 cluster 2 showed high enrichment for 'cell-cell signalling' (P value < 10 − 30 ) and cluster 5 was highly enriched for genes involved in 'signalling' (P value < 10 − 20 ). We have previously noted that bivalent promoters were enriched while H3K27me3-only promoters were deprived of CpG islands in mouse and human ESCs [33] . Average CpG density at promoters in all clusters revealed that active and bivalent clusters were enriched for CpG islands (over 80% promoters with CpG island, Additional file 1: Figure S7C ). The H3K27me3-only clusters 1 and 4 indeed showed lower CpG islands (less than 50% promoters with CpG island, Additional file 1: Figure S7C ) and low mean CpG densities (Additional file 1: Figure S7A and B) albeit much higher than in mouse ES cells.
We then investigated if particular cell types were over or under-represented in the clusters by hypergeometric testing after correcting for cell type specific differences (see Methods). In over half of the clusters, all cell types were equally represented (Fig. 2c ). ESCs were underrepresented while B cells were over-represented in H3K27me3-only clusters 1 and 4 ( Fig. 2c) . Bivalent clusters were initially thought to be exclusive to ESCs [34] but were later on found in mature cell types but in fewer promoters than ESCs [15, 16] . Surprisingly, ESCs were not overrepresented in most bivalent clusters (Fig. 2c ). Monoallelic expression can be one of likely sources of what is detected as bivalent chromatin. Indeed bivalent gene clusters showed higher fraction of mono-allelically expressed genes than active gene clusters (Additional file 1: Figure S8 ). Interestingly H3K27me3-only clusters 1 and 4 showed a very high overlap with mono-allelically expressed genes as well (Additional file 1: Figure S8 ).
To identify clusters with shared epigenetic and transcription profiles across cell types, we calculated the ratio of unique promoters to all promoters in each cluster (Additional file 1: Table S5 ). This ratio was the lowest for cluster 19 (0.24, Additional file 1: Table S5 ) with expressed genes enriched for 'cellular macromolecule catabolic process' (P value < 10 − 30 ). Five other clusters (active clusters 20, 21 and 26 and bivalent clusters 3 and 24) contained promoter profiles conserved across cell types (Additional file 1: Table S5 ). We further studied the extent of conservation of genes in each cluster across cell types. Promoter profiles of active clusters showed higher conservation across cell types than bivalent clusters. About 15% of the promoters in ES cells in bivalent cluster 3 remained bivalent in other cell types. In contrast, only about 3% of promoters in ES cells in bivalent cluster 5 remained bivalent in other cell types. Bivalent cluster 3 with wide H3K27me3 and high RNAPII was associated with positive regulation of transcription (P value < 10 − 2 ), somatic stem cell population maintenance (P value < 10 − 6 ) and regulation of transcription for RNAPII promoter in response to stress (P value < 10 − 4 ) while bivalent cluster 5 with narrow H3K27me3 was enriched for functions such as regulation of cytokine biosynthetic process (P value < 10 − 2 ), liver development (P value < 10
− 2 ) and regulation of myeloid cell differentiation (P value < 10 − 2 ). This is in agreement with our previous results where bivalent promoters separated in clusters with different levels of RNAPII and variable expression [33] .
We calculated enrichments for GENCODE-defined gene types in each cluster (Fig. 2d) . Clusters 19 and 21 with high levels of H3K4me3 and RNAPII and high expression were highly enriched for protein coding genes (hypergeometric test, P value < 0.001). Cluster 26 was enriched for processed pseudogene and sense intronic RNA (P value < 0.0001, Fig. 2d ). Many genes belonged to cluster 26 in multiple cell types and showed functional enrichment for Gprotein coupled receptor signalling pattern (P value < 10 − 10 ) and sensory perception of chemical stimulus (P value < 10 − 7 ). Taken together, the chromatin and expression profiles of promoters in eight cell types formed clusters enriched for specific functional properties.
Transcription factor binding and motif enrichment across the clusters
To investigate whether clusters were enriched for binding of specific transcription and epigenetic controllers, we calculated binding enrichment using the CODEX [35] ChIP sequencing data compendium (see Methods). All clusters were significantly enriched (hypergeometric test -P value < 0.001) for at least one factor (Fig. 3a) . Highly-active clusters 19, 21 and 29 were enriched for binding of many transcription and epigenetic controllers. H3K27me3-only cluster 1 and bivalent cluster 2 were both highly enriched for Polycomb (Suz12, Ezh2, Rnf2, Mtf2 and Ring1b) as well as Kdm2b, Notch1 and Klf2 binding. Bivalent cluster 2 was additionally enriched for binding of Hdac2, Ldb1 and Foxa2.
The similarities between the epigenetic and transcription profiles of clusters largely agreed with the similarities in their ChIP-seq binding, i.e. the hierarchical clustering of binding enrichment at each cluster promoter (Fig. 3a) resulted in the same sub-grouping as obtained using similarities between the profiles (Fig. 4a) for many clusters. For example, clusters 19, 21, 29 and 31 contained active promoters and showed enrichment for similar TFs. Two bivalent-wide-H3K27me3 clusters (11, and 16) were also clustered close to each other with significantly high enrichment for Polycomb components. Clusters 20 and 26 were significantly enriched for binding of similar TFs mostly involved in hematopoietic development including Eto2, Tal1, Lmo2 and Gata2 [36] [37] [38] . Nevertheless, there were few cases where divergent epigenetic profiles had similar transcription binding. For example, bivalent-wide-H3K27me3 cluster 3 and bivalent-narrow-H3K27me3 cluster 5 were enriched for binding of very similar factors despite the differences in H3K27me3 signal and RNAPII occupancy.
We further performed de-novo and known motif discovery for all clusters using HOMER [39] . Thirteen clusters showed at least one de-novo motif enrichment with more than 15% of targets and P value < 10 − 10 ( Fig. 3b) . Bivalent clusters 2, 3, 5, and 15 were enriched for GCrich motifs. Bivalent clusters 3 and 5 were enriched for a 'TCCCC' sequence motif, previously identified enriched at bivalent promoters in both mouse and human ESCs [33] , while bivalent cluster 2 was enriched for a 'GGTCT' motif, previously identified as a consensus binding sequence for the Drosophila melanogaster Tbx20 T-box transcription factor homolog Midline [40] . GC-rich motifs were highly enriched in clusters with H3K27me3 modifications including clusters 7, 14 and 17. The promoter sequences of active clusters 19 and 29 were enriched for variants of a GABP motif. The motifs (CTTCCG, CC GGAA) enriched at the active promoters have previously been identified as the coding motifs i.e. motifs enriched in coding sequences [41] . Finally, cluster 24 was enriched for a GC-rich G-box like motif ('GCCAGGCCT'), present in about a third of promoters in the cluster.
Taken together, clusters wit similar epigenetic profiles were enriched for binding of similar factors and many clusters were enriched for specific de-novo sequence motifs.
Promoter dynamics across cell types and chromatin states
To study chromatin and transcriptional state transitions across cell types, we calculated the number of overlapping genes across cell types in individual clusters. The statistical significance of the number of promoters shared between cell types across clusters was calculated using hypergeometric test after correcting for the cell type bias of each cluster (see Methods). The majority of significant overlaps were between clusters with similar epigenetic and expression status represented by the hierarchical clustering of the signal profiles of H3K27me3, H3K4me3, polII and RNA-seq at promoters (Fig. 4a) . For example, 632 genes belonged to cluster 19 in PMNS and to cluster 29 in ESCs. Though these genes are expressed in both cluster 19 and 29, they show a wide H3K4me3 and RNAPII signal upstream of TSS in ESCs while a sharp narrow H3K4me3 and RNAPII signal at the promoter in PMNS.
To focus on the major chromatin and transcriptional state transitions across cell types, we further grouped 31 clusters into 9 major sub-groups namely: i) bivalentnarrow-H3K27me3, ii) bivalent-wide-H3K27me3, iii) H3K27me3-only, iv) bivalent-wide-active, v) wide-active, vi) antisense-active, vii) highly-active, viii) bivalenthighly-active, ix) boundary-H3K27me3-active, based on hierarchical clustering (Fig. 4a ). There were four major significant overlaps across cluster sub-groups (Fig. 4b) with chromatin state changes between cell types namely H3K27me3-only ↔ bivalent-wide-H3K27me3, H3K27me3-only ↔ bivalent-narrow-H3K27me3, bivalent-narrowH3K27me3 ↔ bivalent active and bivalent active ↔ highlyactive. H3K27me3-only promoters in B cells were either bivalent-narrow-H3K27me3 or bivalent-wide-H3K27me3 in many other cell types. Similarly, bivalent active promoters in B cells were active in many other cell types. Bivalent-wide-H3K27me3 cluster 3 promoters in ESCs overlapped highly H3K27me3-only cluster 1 promoters in B cells and were enriched for 'pattern specification process' (P value < 10 − 30 ) (Fig. 4c) . Bivalent-narrow-H3K27me3 cluster 5 promoters in ESCs overlapped highly with bivalent-wide-H3K27me3 cluster 3 promoters in B cells and were enriched for 'Nervous system development' (P value < 10 − 30 ) (Fig. 4c) . Highly-active cluster 19 promoters in ESCs overlapped highly with boundary-H3K27me3-active cluster 17 promoters in B cells and were enriched for 'ncRNA metabolic process' (P value < 10 − 23 ) (Fig. 4c) . To exclude the possibility that the aberrant H3K27me3 modification at the promoters in B cells compared to the other cell types was due to technical issue of the sample, we replaced the H3K27me3 sample in B cells with another H3K27me3 ChIP-seq replicate in B cells from the same study and found the same result (Additional file 1: Figure  S9A and S9B), despite overall decrease in the H3K27me3 signal in the alternative sample.
We further calculated statistical significance for the promoters belonging to three different clusters in three cell types. As expected most of the significant cluster triplets consisted of promoters in clusters 1 in B cells present in cluster 2 and cluster 3 in other two cell types. ChIP-seq data compendium (see Methods). All clusters were significantly enriched (hypergeometric test -P value < 0.01) for at least one factor. b Thirteen clusters showed at least one de-novo motif enrichment with more than 15% of targets and P value < 10 − 10 Fig. 4 Promoter dynamic across cell types and chromatin states. a Hierarchical clustering of the average profile signals across clusters results in the identification of 9 major profile sub-groups. b Significant chromatin state transitions across cell types and clusters. Four major chromatin state changes across cell type pairs emerged, namely H3K27me3-only <− > bivalent-wide-H3K27me3, H3K27me3-only <− > bivalent-narrow-H3K27me3, bivalent-narrow-H3K27me3 < −> bivalent-active and bivalent-active <− > highly-active. c Bivalent-wide-H3K27me3 cluster 3 promoters in ESCs overlapped highly H3K27me3-only cluster 1 promoters in B cells and were enriched for 'pattern specification process' (P value < 10
). Bivalentnarrow-H3K27me3 cluster 5 promoters in ESCs overlapped highly with bivalent-wide-H3K27me3 cluster 3 promoters in B cells and were enriched for 'Nervous system development' (P value < 10
). Highly-active cluster 19 promoters in ESCs overlapped highly with boundary-H3K27me3-active cluster 17 promoters in B cells and were enriched for 'ncRNA metabolic process' (P value < 1.7.10
). d Significant sets of genes overlapping in 3 distinct cell types and clusters. 98 genes enriched for 'cell fate commitment' (P value < 3.2.10 For example, 98 genes enriched for 'cell fate commitment' (P value < 10 − 6 ) were present in B cells in cluster 1, in DCS in cluster 2 and in BMDMs in cluster 3 (Fig. 4d) .
Taken together, we noted significant patterns of epigenetic dynamics across cell types predominantly between 6 clusters (clusters 1, 2, 3, 17, 19 and 21) . Importantly, the major epigenetic state dynamics across cell types was not reflected at the expression level. Importantly, bivalent promoters in ESCs did not overall become either active or repressed in other cell types, contrary to postulations in literature [15, 42] .
RNAPII pausing across clusters and cell types
We calculated the RNAPII pausing index for all genes in clusters defined as the ratio of RNAPII signal at the core promoter to RNAPII signal within the gene body (see Methods) [43] . We ordered the clusters according to their respective mean pausing index (Fig. 5a ). The majority of active clusters had relatively high pausing index while H3K27me3-only clusters had very low pausing and low mean expression (Fig. 5a, b) . Specifically, active clusters 17, 19, and 29 had the highest pausing indices (more than 2, in dark red background in Fig. 5a ) compared to the H3K27me3-only clusters 1, 4, and 7 had very low or no pausing at all (in yellow/grey background, Fig. 5a ). Though there was a moderate correlation between the average pausing index and average mRNA expression levels across clusters (Pearson's correlation coefficient 0.53), the two did not correlate with each other in every cluster (Fig. 5c) . Genes in bivalent clusters were expressed at low levels but showed variable pausing index. Clusters enriched for cell fate commitment and maturation showed low pausing while clusters enriched for signalling and cell cycle genes were highly paused (Fig. 5c ). This is in agreement with a recent publication demonstrating that high pausing index is more associated with highly expressed genes involved in cell cycle regulation rather than bivalent developmental regulators [44] .
As RNAPII pausing is shown to be involved in the transcription of genes involved in both development and cell cycle [45] [46] [47] , we calculated the pausing indices for genes in the functional categories of cell cycle and developmental genes (see Methods). The developmental genes mostly belonged to H3K27me3-only cluster 1, bivalent clusters 2 and 3 and active clusters 19 and 21 ( Fig. 5d ) while cell cycle genes were found mostly in active clusters 19 and 21 (Fig. 5d) . Cell cycle genes showed high levels of RNAPII pausing in progenitors and mid pausing levels in committed cell types. RNAPII pausing in developmental genes also decreased from mid to low levels from progenitors to committed cell types (Fig. 5e) . The average pausing index for expressed genes in each cell type, irrespective of clusters showed that indeed the cell types with high multipotency potential (ESCs, PMNS and MEFS) had a high mean pausing index (Fig.  5f ). Bivalent genes in ES cells showed mean pausing index similar to developmental genes while active genes (H3K4me3-only) showed mean pausing index similar to cell cycle genes in each cell type (Fig. 5f ) . Williams et al. (2015) proposed that RNAPII pausing in ESCs facilitates maintainance of self-renewal potential. We calculated pausing index for Pro-pluripotency, Pro-differentiation and ES signalling groups from KEGG pathways [48] in all cell types. Self-renewal (Pro-pluripotency) genes exhibited extremely high RNAPII pausing (pausing index > 4) and high expression is ESCs, PMNs and MEFS, but not in the other cell types (data not shown).
In conclusion, RNAPII pausing is higher at active genes than at bivalent genes within a cell type, and is higher in progenitor cell types compared to differentiated cell types. Pro-pluripotency and cell cycle genes are highly paused and highly expressed in ESCs, PMNS and MEFS. This supports that RNAPII pausing might assist cells retain their pluripotent characteristics.
Discussion
We integrated epigenetic marks (H3K4me3, H3K27me3), RNAPII (8WG16) binding and expression (RNA-seq) in eight mouse cell types of variable developmental potential. Hierarchical clustering of histone marks at promoters differed from that of the expression data. Specifically, MEFS were closer to MBs and MTs in the expression hierarchical tree (Fig. 1a) whereas they clustered with progenitor cells (ESCs, PMNS) in the H3K4me3 and RNAPII trees ( Fig. 1c and f) . The H3K27me3 tree was greatly discordant with the known developmental relationships between cell types. This could be partly due to a large variation in the average number of detected peaks across cell types (Fig. 1j) . The differences in the number of peaks were not reflected in the signal at the common peaks (Fig. 1k) , suggesting that there might be a real biological difference between H3K27me3 occupancy at promoters across cell types.
The clustering of profiles of silenced (H3K27me3) and predominantly active (H3K4me3, RNAPII and RNA-seq) signals across promoters for all the cell types resulted in 31 distinct clusters. Genes in active clusters (19, 20, and 21) were expressed across many cell types compared to some bivalent clusters (3 and 24) (Additional file 1: Table S5 ). Bivalent clusters formed two main clusters (3 and 5) with different H3K27me3 and RNAPII profiles. Bivalent cluster 3 with wide H3K27me3 and high RNA-PII was enriched for genes involved in transcription control while bivalent cluster 5 with narrow H3K27me3 was enriched for genes in development and differentiation. This is in agreement with our previous results where HC bivalent promoters form separate clusters, with different levels of RNAPII and variable expression [33] . Furthermore, cluster 3 was uniquely enriched for binding of activating factors such as Nanog, Oct4 and p300 (Additional file 1: Table S6 ). These results suggest that genes in cluster 3 are possibly directly affected by pluripotency and signalling factors (Additional file 1: Table  S6 ) with RNAPII mark present at their promoters [44] . In contrast, bivalent genes in cluster 5 are more tissuespecific, and show higher levels of expression possibly due to multi-lineage priming [49] .
Chromatin state transitioning between cell types were predominantly gain/loss of either H3K4me3 (H3K27me3-only ↔ bivalent) or H3K27me3 (active ↔ boundaryH3K27me3active) (Fig. 3a) . Importantly, these chromatin state transitions were mostly not accompanied by expression changes. Most epigenetic transitions were between B cells and other cell types. Most bivalent genes in cluster 3 in other cell types belonged to H3K27me3-only cluster 1 in B cells. This is unlikely to be an experimental artefact as we validated the results with an independent dataset. Given that cluster 1 was highly enriched for monoallelically expressed genes, it proposes that bivalency in one cell type might be a mechanism to achieve monoallelic expression in other cell types. Indeed, random monoallelically accessible elements in neural progenitor cells were biallelically accessible in embryonic stem cells, but premarked with bivalent histone modifications; one allele was silenced during differentiation [50] .
We used ChIP-seq data for RNAPII (8WG16), which efficiently reproduces results from global run-on sequencing (GRO-seq) [51] data to calculate RNAPII pausing [44] . RNAPII pausing index largely correlated with the expression across clusters: the majority of active clusters exhibited a highly pausing, highly expressed, bivalent clusters had mid-pausing levels, while H3K27me3-only clusters had low or no pausing (Fig. 5a) . Importantly, ESCs, MEFs and PMNS had higher pausing indices than other cell types in this study (Fig. 5e) . Also, MEFs showing high PolII and H3K4me3 profile with ESCs might help them better retain their ES-like characteristics than other cell types of similar developmental hierarchy [52] , and therefore likely a good candidate cell type for induced pluripotent stem cells (iPSCs) reprogramming experiments [53] .
A recent study by Liu J et al. [54] looked at the developmental changes of the bivalent chromatin marks and paused Pol II during neuronal differentiation in the mouse brain, and noted in agreement to our study that genes involved in cell cycle and other catabolic processes show very high RNA pol II pausing. Unlike our study, Liu J et al. [54] noted that bivalent marks primed neuronal specification genes for activation during differentiation. One of the possible reasons for the discrepancy might be that the data collected for eight cell types from public domain in this study does not have a well-defined developmental trajectory as during neuronal differentiation.
Conclusion
We integrated epigenetic and transcription marks and gene expression at promoters of eight cell types of various developmental potential. We grouped promoters in distinct clusters based on their epigenetic and transcription profile and explored diverse functionalities of these clusters. Bivalent clusters did not show a high RNAPII pausing, highlighting that RNA-PII pausing is mainly associated with active genes, and not bivalent genes. This is in agreement with the fact that Pol II pausing marks gene silenced after, or ready for, expression burst [55] . Finally, we showed that MEFs, PMNs and ESCs have higher overall pausing than other cell types studied (Fig. 5e ).
Methods

ChIP-seq data collection and processing
ChIP-seq datasets for H3K4me3, H3K27me3 and RNA-PII (8WG16) were collected in fastq format from Gene Expression Omnibus (GEO) [56] for eight mouse cell types (ESC, PMNS, MEFS, BMDMS, DCS, B cell, MBs, MTs) (Additional file 1: Table S1 ). Alignment of reads was done using Bowtie 2 using the mm10 reference genome and the default parameters [57] . SAM to BAM conversion of the aligned files was done using the SAMtools pipeline [58] . Total number of reads aligned to the genome is shown at Additional file 1: Table S2 . The bam files that belonged to the same experiment (technical replicates) were merged into a single bam file.
Peak calling
SICER [30] was used to detect peaks for the histone marks (H3K4me3 and H3K27me3). Input controls were not used, as they were not available for some cell types. Specific parameters were defined for H3K4me3, window = 200 and gap size = 200. For H3K27me3 on the other hand, window = 200 and gap size = 2 × 300, since this mark covers wider chromatin domains. The rest of the parameters (same for H3K4me3 and H3K27me3) were effective genome fraction = 0.7, redundancy threshold = 1, fragment size = 150 and E-value = 100. MACS [59] was used for the detection of peaks for the RNAPII samples, using the default parameters and no input. The number of peaks detected for each sample are shown at Additional file 1: Table S2 .
RNA-seq data collection and processing
Corresponding RNA-seq datasets were collected from GEO [56] in fastq format for all of the eight cell types mentioned previously (Additional file 1: Table S3 ). Alignment was done with TopHat 2.0.9 [60] using mm10 as reference genome and the GENCODE.vM4 as annotation file. Expression values for each cell type were calculated following the Cufflinks 2.2.1 [61] pipeline. The aligned reads were converted to expression values using the cuffquant command with library-type = fr-unstranded. A bam file was created for each of the samples. Gene expression values (FPKM values) for all cell types was generated using the cuffnorm command with the default library normalization method (geometric).
Hierarchical trees for histone marks and gene expression GENCODE.vM4 [62] was the chosen annotation for the creation of custom promoter regions (22, 179 unique genes with gene length > 300 bp). The promoter BED file was created by taking the − 5 kb, + 5 kb area around the TSSs of GENCODE genes. Peak BED files were intersected with the custom promoter file using the intersectBED command from the BEDtools suite [63] . The intersected peak-promoter files from all cell types were merged into one file, where each row was representing a gene promoter. In the columns, eight for each cell type, binary values of 0 or 1, would represent the absence or existence respectively, of a peak at that promoter for that cell type. For the hierarchical tree of gene expression, the output matrix from cuffnorm command was used. Hierarchical clustering was performed using the hclust function from the fastcluster package in R [64] . The Euclidean distance of the columns of each matrix (cell types) was used as a dissimilarity matrix and the method chosen was complete.
Clustering of gene promoters across cell types
We loaded the peak files in R for all the ChIP-seq datasets and converted them to GRanges objects. The bam files for each RNA-seq sample were also loaded in R creating custom coverage files with the GRcoverageInbins function (as object we used the promoter file (32,840 regions) converting it to GRanges, Nnorm = TRUE, Snorm = FALSE, Nbins = 20) from the compEpiTools package [65] in Bioconductor [66] . For each of the cell types, we subsequently created a combined matrix of histone marks, RNAPII, RNA-seq coverage (normalized by library size in each cell type), CpG island regions (from UCSC) and gene annotation for sense and antisense transcripts (Gencode.vM4). Using the heatmapData function from compEpiTools [65] we created a 140 column matrix (20 bins for each of the features) where the first 20 columns were representing the H3K27me3 peaks, columns 21-40 were H3K4me3 peaks, columns 41-60 were RNAPII peaks, columns 61-80 were RNAseq coverage, columns 81-100 were CpG islands, columns 100-120 were sense transcript annotation and columns were 120-140 antisense transcript annotation. RNA-seq coverage was log2-scaled and transformed (to obtain values only in the (0,1) range) for each cell type separately.
We combined the matrices from all the cell types to acquire an initial matrix of 32,840*8 = 262,720 rows. Each row had a distinctive name of the ensembl gene id and the cell type it belonged to. We subsequently discarded the rows where more than 80% of the columns (only columns 1 to 80 were considered) had a zero value. This resulted in a matrix of 117,438 rows where each gene promoter was found in at least one cell type.
Hierarchical clustering of the gene promoter matrix was performed using the hclust function from the fastcluster package in R [64] using Euclidean distance. Only the histone marks, RNAPII and expression values were taken into account, and CGI and gene annotations were not. After inspection of the initial clustering, through heatmap visualisation, we cut the resulting tree in groups using the cutree function from stats package in R [67] and k = 60. The high number of groups specified facilitated the detection of groups that had small number of genes, but presented a highly unique pattern of marks or expression.
We created a custom function in R to merge the clusters with similar patterns. The central function incorporated in our function was clusterSim (method = "centroid") from the flexclust package in R [68] . clusterSim computed the pairwise distances between all centroids of the 60 groups and scaled them between (0,1). The similarity value was then given by subtracting the distance from 1. We merged clusters with similarity values were over the 99th quantile of the similarity values distribution for all pairwise comparisons. The newly merged clusters along with the ones that were not similar with any other cluster were renamed. Then clusters with less than 100 genes were not considered for further analysis. We defined the peaks as 'wide' if they spanned more than 3 kb, otherwise 'narrow'.
The clusters were visualised with the heatmap.2 function from the gplots package in R [69] . The final matrix contained 116,741 gene promoters with 22,179 unique genes.
Over and under representation of cell types in clusters
Significance of over or under representation of each cell type in each cluster was assessed using the hypergeometric test in R (phyper) from stats package. Since the cell types were not equally represented in the total population, we calculated the test using normalised values for the number of genes across clusters. The number of genes in a cluster for a one cell type were divided by the total number of genes for that cell type and then multiplied by 10,000, resulting in a matrix where virtually the total number of genes would be 8 (cell types) *10,000 = 80,000.
Functional enrichment analysis
Gene Ontology (GO) enrichment analysis was done using the topGO package [70] in Bioconductor [66] and the statistical test used to quantify the significance of the GO terms was fisher's exact test.
Maximum parsimony trees
For each cluster gene list, we created a matrix where the rows where the unique ensembl gene ids of that cluster and the columns where the names of the 8 cell types. If a gene was found in that cluster for a particular cell type a value of 1 was denoted, else the value was set to 0. The downstream analysis was conducted for each cluster separately and the binary matrices were the inputs for the next step where we used the ape package in R [71] . First we calculated the pairwise distances between the genes in the matrix using the dist.gene function. The neighbour joining tree estimation [72, 73] was performed with the nj function using as input the result from the right previous step. Finally, the reconstruction of the most parsimonious ancestral states [31, 32] was done using the MPR function were we used as inputs the initial binary matrix, the resulting tree from the previous step, the "ESC" cell type as outgroup, with only the lower values of the reconstructed sets for each ancestral node.
Average profiles and profile similarities
We calculated the average values for the columns of the matrix representing the 10 kb region around the TSS, for the histone marks, RNAPII and RNA-seq of each cluster. This resulted in one row matrices containing, mean profiles for all the variables used for clustering of the promoters. We performed a hierarchical clustering for all the mean profile matrices using the hclust function from the fastcluster package in R [64] . The Euclidean distance of the rows was used as a dissimilarity matrix and the method chosen was complete.
Gene overlap between clusters and cell types
We calculated the overlap of genes between pairwise combinations of "Cell type -Cluster" sets of genes. For example, the overlap of genes between Cluster 1 genes in B cells with Cluster 3 genes of ESCs. The significance of the overlap was assessed by the hypergeometric test in R (phyper) from stats package. As the genes were not equally represented in each cell type, thus the normalized number of genes was used. Gene overlaps with P value < 10 − 10 and the number of overlapping genes was larger than 50 were considered significant. To visualize the interactions between the "Cell type -Cluster", we used the chordDiagram function from the circlize package [74] in R. The size of the links is defined by the number of genes overlapping and the colour is a mix between the colours defining the clusters of interaction. We also calculated the overlap of genes across triplets of "Cell type -Cluster" sets of genes and kept only the interactions where more than 50 genes were overlapping.
Transcription factor enrichment
We downloaded data from 683 ChIP-seq experiments of TFs in multiple mouse cell types from the CODEX database [35] . We calculated the overlap of the TF binding regions with the regions 1 kb around the TSS of each gene in each cluster. We used the function countOverlaps from the GenomicRanges package [75] in Bioconductor [66] . To assess the significance of the overlaps we used the hypergeometric test in R (phyper) from stats package.
Motif enrichment
Using the unique ensembl gene ids from the gene promoters in each cluster, we used the findMotifs.pl command from the HOMER suite [39] and searched for known and de-novo motifs at the 1 kb areas flanking the TSSs. We selected de-novo motifs that were represented in more than 15% of the regions and a P value < 10 − 10 . Similarly, known motifs in more than 15% of the regions and a P value < 10 − 5 were selected.
RNAPII pausing index calculation
The RNAPII pausing index (travelling ratio) defined by Muse et al. 2007 was used.
It is the ratio of RNAPII read density at the promoter to the RNAPII read density in the gene body. d stands for the number of reads per nucleotide (nt) in the given region. The difference between the densities in log2 units equals to the ratio of fold enrichment in these regions, meaning a value of 1 would represent a 2-fold greater enrichment of RNAPII signal at the promoter region rather than in the gene body (Muse et al. 2007 ). We created two GRanges objects: 1) The promoter area ranging 600 bp around the TSS of the gene and 2) the gene body area ranging + 600 from the TSS until the Transcription Ending Site (TES) of the gene. Using the GRcoverage function (as objects we used the previously mentioned promoter and gene body files (22, 179 regions), Nnorm = FALSE, Snorm = TRUE) from the compEpiTools package [65] in Bioconductor [66] we computed the read coverage at those regions for each cell type and gene in our clusters.
